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Abstract

We propose a computationally efficient random walk on a convex body which
rapidly mixes to a time-varying Gibbs distribution. In the setting of online convex
optimization and repeated games, the algorithm yields low regret and presents a
novel efficient method for implementing mixture forecasting strategies.

1 Introduction

This paper brings together two topics: online convex optimization and sampling from logconcave
distributions over convex bodies.

Online convex optimization has been a recent focus of research [30, 25], for it presents an abstrac-
tion that unifies and generalizes a number of existing results in online learning. Techniques from
the theory of optimization (in particular, Fenchel and minimax duality) have proven to be key for
understanding the rates of growth of regret [25, 1]. Deterministic regularization methods [3, 25]
have emerged as natural black-box algorithms for regret minimization, and the choice of the regu-
larization function turned out to play a pivotal role in limited-feedback problems [3]. In particular,
the authors of [3] demonstrated the role of self-concordant regularization functions and the Dikin
ellipsoid for minimizing regret. The latter gives a handle on the local geometry of the convex set,
crucial for linear optimization with limited feedback.

Random walks in a convex body gained much attention following the breakthrough paper of Dyer,
Frieze and Kannan [9], who exhibited a polynomial time randomized algorithm for estimating the
volume of a convex body. It is known that the problem of computing this volume by a deterministic
algorithm is #P-hard. Over the two decades following [9], the polynomial dependence of volume
computation on the dimension n has been drastically decreased from O* (n23) to O*(n*) [17]. The
development was accomplished through the study of geometric random walks: the Ball Walk and
Hit-and-Run (see [26] for a survey). The driving force behind such results are the isoperimetric
inequalities which can be extended from uniform to general logconcave distributions. In particular,
computing the volume of a convex body can be seen as a special case of integration of a logconcave
function, and there has been a number of major results on mixing time for sampling from logconcave
distributions [17, 18]. Connections to optimization have been established in [12, 18], among others.
More recently, a novel random walk, called the Dikin Walk has been proposed in [19, 13]. By
exploiting the local geometry of the set, this random walk is shown to mix rapidly, and offers a
number of advantages over the other random walks.

While the aim of online convex optimization is different from that of sampling from logconcave
distributions, the fact that the two communities recognized the importance of the Dikin ellipsoid is
remarkable. In this paper we build a bridge between the two topics. We show that the problem of
online convex optimization can be solved by sampling from logconcave distributions, and that the
Dikin Walk can be adapted to mix rapidly to a certain time-varying distribution. In fact, it mixes fast
enough that for linear cost functions only one step of the guided Dikin Walk is necessary per round
of the repeated game. This is surprisingly similar to the sufficiency of one Damped Newton step of
Algorithm 2 in [3], due to locally quadratic convergence ensured by the self-concordant regularizer.



The time-varying Gibbs distributions from which we sample are closely related to Mixture Forecast-
ers and Bayesian Model Averaging methods (see [7, Section 11.10] as well as [29, 28, 4, 10]). To
the best of our knowledge, the method presented in this paper is the first provably computationally-
efficient approach to solving a class of problems which involves integrating over continuous sets of
decisions. From the Bayesian point of view, our algorithm is an efficient procedure for sampling
from posterior distributions, and can be used for settings outside of regret minimization.

Prior work: The closest to our work is the result of [11] for Universal Portfolios. Unlike our one-
step Markov chain, the algorithm of [11] works with a discretization of the probability simplex and
requires a number of steps which has adverse dependence on the time horizon and accuracy. This
seems unavoidable with the Grid Walk. In [2], it was shown that the Weighted Average Forecaster
[15, 27] on a prohibitively large class of experts is optimal in terms of regret for a certain multitask
problem, yet computationally inefficient. A Markov chain has been proposed with the required
stationary distribution, but no mixing time bounds have been derived. In [8], the authors faced a
similar problem whereby a near-optimal regret can be achieved by the Weighted Average Forecaster
on a prohibitively large discretization of the set of decisions. Sampling from time-varying Markov
chains has been investigated in the context of network dynamics [24], and has been examined from
the point of view of linear stochastic approximation in reinforcement learning [14]. Beyond [11],
we are not aware of any results to date where a provably rapidly mixing walk is used to solve regret
minimization problems.

It is worth emphasizing that without the Dikin Walk [19], the one-step mixing results of this paper
seem out of reach. In particular, when sampling from exponential distributions, the known bounds
for the conductance of the Ball Walk and Hit-and-Run are not scale-independent. In order to obtain
O(V/T) regret, one has to be able to sample the target distribution with an error that is O(1/v/T).
As a consequence of the deterioration of the bounds on the conductance as the scale tends to zero,
the number of steps necessary per round would tend to infinity as 7" tends to infinity.

2  Main Results

Let £ C R™ be a convex compact set and let F be a set of convex functions from K to R. Online
convex optimization is defined as a repeated T-round game between the player (the algorithm) and
Nature (adversary) [30, 25]. From the outset we assume that Nature is oblivious (see [7]), i.e. the
individual sequence of decisions /1, ..., ¢r € F can be fixed before the game. We are interested in
randomized algorithms, and hence we consider the following online learning model: on round ¢, the
player chooses a distribution (or, a mixed strategy) j1;—1 supported on K and “plays” a random X; ~
wi—1. Nature then reveals the cost function ¢; € F. The goal of the player is to control expected
regret (see Lemma 1) with respect to a randomized strategy defined by a fixed distribution py; € P
for some collection of distributions P. If P contains Dirac delta distributions, the comparator term is
indeed the best fixed decision z* € K chosen in hindsight. A procedure which guarantees sublinear
growth of regret for any distribution py; € P will be called Hannan consistent with respect to P. We
now state a natural procedure for updating distributions p; which guarantees Hannan consistency
for a wide range of problems. This procedure is similar to the Mixture Forecaster used in the
prediction context [29, 28, 4, 10]. Denote the cumulative cost functions by L;(z) = Zi:l ls(z),
with Lo(z) = 0, and let > 0 be a learning rate. Let go(x) be some prior probability distribution
supported on /. Define the following sequence of functions

qi(x) = qo(x) exp {—nLi(x)}, Vte{l,...,T} (1)
for every x € K. Define the probability distribution p; over K at time ¢ to have density

dpy(z)  qo(w)e (@
dr o Zt

where Zt:/ g (x)dx. 2)
el

Let D(p||q) stand for the Kullback-Leibler divergence between distributions p and ¢. The following
lemma' gives an equality for expected regret with respect to a fixed randomized strategy. It bears

"Due to its simplicity, the lemma has likely appeared in the literature, yet we could not locate a reference for
this form with equality and in the context of online convex optimization. The closest results appear in [28, 10],
[7, p. 326] in the context of prediction, and in [4] in the context of density estimation with exponential families.



striking similarity to upper bounds on regret in terms of Bregman divergences for the Follow the
Regularized Leader and Mirror Descent methods [23, 5], [7, Therem 11.1].

Lemma 1. Let X; be a random variable distributed according to p—1, forall t € {1,...,T}, as
defined in (2). Let U be a random variable with distribution py;. The expected regret is

T T
E lz 0(Xy) =Y 4(U)

Specializing to the case {(z) € [0, 1] over K,

T

=0~ (D(pullpo) = Dlpullur)) +1" D D(pea|lme)-

T

T
D l(Xe) =Y 4(U)

t=1

E < n'D(pullpo) + Tn/8.

Before proceeding, let us make a few remarks. First, if the divergence between the comparator
distribution py and the prior p is bounded, the result yields O(\/T ) rates of regret growth for
bounded losses by choosing 1 appropriately. To bound the divergence between a continuous initial
1o and a point comparator at some x*, the analysis can be carried out in two stages: comparison
to a “small-covariance” Gaussian centered at z*, followed by an observation that the loss of the
“small-covariance” Gaussian strategy is not very different from the loss of the deterministic strategy
2. This analysis can be found in [7, p. 326] and gives a near-optimal O(1/T log T) regret bound.

We also note that for linear cost functions, the notion of expected regret coincides with regret for
deterministic strategies. Third, we note that if the prior is of the form go(z) x exp{—R(z)} for
some convex function R, then ¢;(z) o exp {— (nL:(z) + R(z))}, bearing similarity to the objec-
tive function of the Follow the Regularized Leader algorithm [23, 3]. In general, we can encode
prior knowledge in ¢o. For instance, if the cost functions are linear and the set X is a convex hull
of N vertices (e.g. probability simplex), then the minimum loss is attained at one of the vertices,
and a uniform prior on the vertices yields the Weighted Average Forecaster with the usual log NV
dependence [7]. Finally, we note that in online convex optimization, one of the difficulties is the
issue of projections back to the set . This issue does not arise when dealing with distributions,
but instead translates into the difficulty of sampling. We find these parallels between sampling and
optimization intriguing.

We defer the easy proof of Lemma 1 to p. 8. Having a bound on regret, a natural question is whether
there exists a computationally efficient algorithm for playing X; according to the mixed strategy
given in (2). The main result of this paper is that for linear Lipschitz cost functions the guided
random walk (Algorithm 1 below) produces a sequence of points X1, ..., X7 € K with respective
distributions oy, . . . , op_1 such that o; is close to u; forall 0 < ¢ < T'—1. Moreover, X is obtained
from X,;_; with only one random step. The step requires sampling from a Gaussian distribution with
covariance given by the Hessian of the self-concordant barrier and can be implemented efficiently
whenever the Hessian can be computed. The computation time exactly matches [3, Algorithm 2]: it
is the same as time spent inverting a Hessian matrix, which is O(n?) or less.

Let us now discuss our assumptions. First, the analysis of the random walk is carried out only for
linear cost functions with a bounded Lipschitz constant. An analysis for general convex functions
might be possible, but for the sake of brevity we restrict ourselves to the linear case. Note that
convex cost functions can be linearized and a standard argument shows that regret for linearized
functions can only be larger than that for the convex functions [30]. The second assumption is that
qo does not depend on 7" and has a bounded L, norm with respect to the uniform distribution on AC.
This means that ¢ can be not only uniform, but, for instance, of the form go(x) x exp{—R(z)}.

Theorem 2. Suppose ¢; : K — [0,1] are linear functions with Lipschitz constant 1 and the one-

step random walk (Algorithm 1) produces a sequence X1, ..., X from distributions o, ...,op_1
where % - 1H0 < (€2 = 1)n(1 + (€2 — 1)n) and p; are defined in (2), then

[ ldoi(@) - dua)] < Oy
e

where v is the parameter of self-concordance, and C' is an absolute constant. Therefore, regret of
Algorithm 1 is within O(\/T ) from the ideal procedure of Lemma 1. In particular, by choosing n



appropriately, for an absolute constant C’,

T T
E lz 0(X2) = > 4(U)| < C'nPv?/TD(pullpo)- 3)
t=1 t=1

Proof. The statement follows directly from Lemma 1, Theorem 9, and an observation that for
bounded losses

Bt (X0~ Ea 60 < [

xe

100(@)] - [dpig—1 () — doy—1 ()] < O |
K

3 Sampling from a time-varying Gibbs distribution

Sketch of the Analysis The sufficiency of only one step of the random walk is made possible
by the fact that the distributions p;—1 and u; are close, and thus p;— is a (very) warm start for
. The reduction in distance between the distributions after a single step is due to a general fact
(Lovasz-Simonovits [16]) which we state in Theorem 6. The majority of the work goes into lower
bounding the conductance of the random walk by a quantity independent of T' (Lemma 5). Since
the random walk of Algorithm 1 takes advantage of the local geometry of the set, the conductance
is lower bounded by (a) proving an isoperimetric inequality (Theorem 3) for the Riemannian metric
(which states that the measure of the gap between two well-separated sets is large) and (b) by proving
that for close-by (in the Riemannian metric) points, their transition functions are not too different
(Lemma 4). Section 3 is organized as follows. In Section 3.1, the main building blocks for proving
mixing time are stated, and their proofs appear later in Section 4. In Section 3.2, we use the mixing
result of Section 3.1 to show that Algorithm 1 indeed closely tracks the distributions y; (Theorem 9).

3.1 Bounding Mixing Time

In the remainder of this paper, C' will denote a universal constant that may change from line to
line. For any function F' on the interior in¢(/XC) having continuous derivatives of order k, for vectors
hi,...,hy € R" and z € int(K), for k > 1, we recursively define
Dkt hi)[hi,- .. he—1] — D*=Y(@)[h,. .., by
DFF(@)hn, ... by o= lim 2@ Rl o] @k, s bl

e—0 €

where DYF(x) := F(z). Let F be a self-concordant barrier of K with a parameter v (see [20]).
For z,y € K, p(z,y) is the distance in the Riemannian metric whose metric tensor is the Hessian
of F. Thus, the metric tensor on the tangent space at z assigns to a vector v the length ||v||, =
D?F(x)[v,v], and to a pair of vectors v, w, the inner product (v, w), = D?F(x)[v,w]. We have
p(x,y) = infp [ ||dT'||. where the infimum is taken over all rectifiable paths I from z to y. Let M
be the metric space whose point set is X and metric is p. We assume ¢; are linear and 1—Lipschitz
with respect to p. For z € int(K), let G, denote the unique Gaussian probability density function
on R™ such that

Ga(y) o exp (—

Further, define the scaled cumulative cost as s;(y) := r2nL,(y). Note that shape of G, is precisely
given by the Dikin ellipsoid, which is defined as a unit ball in || - ||, around a point « [20, 3].

nllz -yl

r2

+ V(x)) , where V(z)= %ln det D*F(z) and r = 1/(Cn)

The Markov chain M considered in this paper is such that for x,y € K, one step x — y is given
by Algorithm 1. A simple calculation shows that the detailed balance conditions are satisfied with
respect to a stationary distribution i (defined in Eq. (2)). Therefore the Markov chain is reversible
and has this stationary measure. The next results imply that this Markov chain is rapidly mixing.
The first main ingredient is an isoperimetric inequality necessary for lower bounding conductance.

Theorem 3. Let Sy and S5 be measurable subsets of K and 1 a probability measure supported on
K that possesses a density whose logarithm is concave. Then,

(K \ S1)\ S2) > mms&, S2) (51 )(S2).



Algorithm 1 One Step Random Walk (X, s¢)
Input: current point X; € K and scaled cumulative cost s;.

Output: next point X; 1 € K
Toss a fair coin. If Heads, set X411 := X;.
Else,
Sample Z from Gx,. If Z ¢ K, let X;11 := X;.

If Z € K, let Foure |
. . Gz (X:)ex X 1gure 1: The new point is sam-
X, = {Z with prob. min (1, —sz(t (‘Z))eexl;((s ;t(( Z"))))) pleg from 4 Gaussian distribation

t+1 = ,

. whose shape is defined by the lo-
X t otherwise. cal metric. Dotted lines are the unit
Dikin ellipsoids.

The next Lemma relates the Riemannian metric p to the Markov Chain. Intuitively, it says that for
close-by points, their transition distributions cannot be far apart.

Lemmad. Ifz,y € Kand p(z,y) < 5=, then dry (P, Py) < 1 — &

Theorem 3 and Lemma 4 together give a lower bound on conductance of the Markov Chain.
Lemma 5 (Bound on Conductance). Let p be any exponential distribution on KC. The conductance

o s, Pe(K\ S1)dp(z)
®:= inf
AENES p(S1)
of the Markov Chain in Algorithm 1 is bounded below by

1
Cvny/n’

The lower bound on conductance of Lemma 5 can now be used with the following general result on
the reduction of distance between distributions.

Theorem 6 (Lovasz-Simonovits [16]). Let g be the initial distribution for a lazy reversible ergodic
Markov chain whose conductance is ® and stationary measure is vy, and vy be the distribution of

the k' step. Let M := supg ((S)) where the supremum is over all measurable subsets S of K. For

every bounded f, let || f||2, denote 4/ f,c x)2dvy(x). For any fixed f, let E f be the map that takes
z 1o [ f(y)dP:(y). Then if [, f(x)dy(z) =0,

2
1By < (1—(1’) T

In summary, Lemma 5 provides a lower bound on conductance, while Theorem 6 ensures reduction
of the norm whenever conductance is large enough. In the next section, these two are put together.
We will show that reduction in the norm guarantees that the distribution after one step of the random
walk (k = 1 in Theorem 6) is close to the desired distribution gs;.

|2,W

3.2 Tracking the distributions

Let {o;};-, be the probability measures with bounded density, supported on K, corresponding to
the distribution of a point during different steps of the evolution of the algorithm. For i € N, let
I - || .; denote the L£o norm with respect to the measure p;. We shall write || - ||; for brevity. Hence,

for a measurable function f : K — R, || f|l; = ([, fzd,ui)l/2 . Furthermore,

dp;(x) qo(z)e " @dey 7,4
sup ————— = su e
e dﬂ%-&-l( ) €K (IO(x)e nhiv(®)dy Zy
where we used the fact that ¢; 1 (z) < 1 and 7 is an appropriate multiple of 7, e.g. 7 = (e? — 1)n

does the job. Analogously, du;11/du; < 1+ 7 over K. It then follows that the norms at time ¢ and
1 + 1 are comparable:

<eM <147 4)

I+ 7)<l < I1F11(1+7) (5)



The mixing results of Lemma 5 together with Theorem 6 imply

| (- (e))

Corollary 7. For any i,
dO’i
dp;

doiiq
dp;

-1 -1

S ’

%

Corollary 7 says that 0,4 is “closer” than o; to y; by a multiplicative constant. We now show that
the distance of 0,41 to ;41 is (additively) not much worse than its distance to ;. The multiplicative
reduction in distance is shown to be dominating the additive increase, concluding the proof that o;

is close to p; for all ¢ (Theorem 9).
Lemma 8. For any 1, it holds that

dos )
et IR ol e | R C )
dpti1 it1 dp;
Proof.
‘ d0i+1 . ‘ d0i+1 1 _ ‘ d0i+1 o o d0i+1
d,ui+1 i+1 d,ui 4 dﬂi+1 i+l dﬂi
dos
Ja-
dyui i+1

(6)

)

We first establish a bound of C on (6). For any function f : K — R, let f*(z) = max(0, f(x))

and f~ () = min(0, f(z)). By the triangle inequality,

‘ d0i+1 ‘ d0i+1 < ‘ d0¢+1 d0i+1
dptiy1 i+l dp; iv1 Il duig dpi i
Now, using (4) and (5),
‘ doi1 d01+1 dUH—l d0z+l dUz+l d01+1
dptiva d/lz+1 Hi dui+1
2
H Oi+1 i1 [ dp; } +‘ d01+1ﬁ1 {1
dﬂi+1 i+1 d,ulz
do; o ||
=7’ | == <@+ |
dpi |ligq dpi |
Thus, (6) is bounded as
dO’i dO’i _ _ dO’i _ _
’d“— ‘d“—l <q(l+ )‘ e =n<1+n>(1+
Hi+1 i+1 Hi i+1 Hi |l

Next, a bound on (7) follows simply by the norm comparison inequality (5):

The statement follows by rearranging the terms.

dUz‘+1
dp;

doiiq
dp;

d0i+1

-1
dp;

i+1 ’ A %

Theorem 9. If ‘

Z% - lHO < (1 + 1)), where ij = (€2 — 1)n, then for all i,

|dos(z) — dpi(z)] < Conv? .
ze

dCTi

-1
dpi

< Cnn3v? .

i

Consequently, for all 1




Proof. By Corollary 7 and Lemma 8, we see that

d(TH_l \2 1 do; _ _
—1 < (1 1—(——= — =1 1 .
dptit1 i+ () Cn?v? dpi i+77( )
Since 77 = 0(—3),
doit1 1 do;
b | <|(1-(=——= — -1 Ch. 8
‘ dpriv1 i1 ( <C”3V2>) ‘ dps; 1:+ 7 ®

Let0 < a < landb > 0, and =g, 21, ..., be any sequence of non-negative numbers such that,

x9 < b and for each i, z;11 < ax; + b. We see, by unfolding the recurrence, that z;11 < %

From this and (8), the first statement of the theorem follows. The second statement follows from

do; do; 2 e
/\dUi—dﬂi\Z/ L —1|dp; < / L —1) dp, =

4 Proof Sketch

dO’i

-1
dpu;

%

In this section, we prove the main building blocks stated in Section 3.1. Consider a time step ¢. Let

dry represent total variation distance. Without loss of generality, assume x is the origin and assume

st(x) = 0. For z € K and a vector v, |v|, is defined to be sup «. The following relation holds:
rravelk

Theorem 10 (Theorem 2.3.2 (iii) [21]). Let F be a self-concordant barrier whose self-concordance

parameter is v. Then ||, < ||h|lz < 2(1 4 3v)|h|, forall h € R™ and x € int(K).

We term (S7, (M \ S1) \ S2, S2) a d-partition of M, if 6 < dp((S1,92) := inf  dm(z,y),

x€S1,y€S2
where S7, S are measurable subsets of M. Let Ps be the set of all J-partitions of M. If p is a
measure on M, the isoperimetric constant is defined as

g UM 51) \ 55)
COMp) =t = ey s

,
v

Given interior points z,y in int(K), suppose p, g are the ends of the chord in K containing z,y

and C; :=C ( M,ut> .

and p, x,y, ¢ lie in that order. Denote by o(z,y) the cross ratio %. Let dg denote the
Hilbert (projective) metric defined by dg(x,y) := In(1+ o(z,y)) . For two sets S; and S, let

U(Sh SZ) = infaﬂESl,yESQ U(l‘, y)

Proof of Theorem 3. For any z on the segment Ty an easy computation shows that dp(z, z) +
dy(z,y) = du(z,y). Therefore it suffices to prove the result infinitesimally. By a result due to
Nesterov and Todd [22, Lemma 3.1],

lz = ylla = llz = yll? < pla,y) < —In(1 — ||z y[l.). ©)
whenever ||z — y||; < 1. From (9) lim,_,, % = 1, and a direct computation shows that
d
fim @Y @)

y=a |2 —yl, oy |z =yl —
Hence, using Theorem 10, the Hilbert metric and the Riemannian metric satisfy

The statement of the theorem is now an immediate consequence of the following result due to Lovasz
and Vempala [18]: If S7 and S5 are measurable subsets of /C and 4 a probability measure supported
on K that possesses a density whose logarithm is concave, then

p((K\ S1)\ S2) = (81, S2)pu(S1)u(S2).



Proof of Lemma 5. Let S; be a measurable subset of K such that p(.S1) < % and So := K\ S7 be
its complement. Let 5] = 51 N {x|P;(S2) < 1/C} and Sj = S N {y|P,(S1) < 1/C}. By the
reversibility of the chain, which is easily checked,

Po(S)du(x) = / P,(S))duly).

S1 Sa

If x € S] and y € S, then,
. (dP; dP, 1
drv (P, Py) =1 —/Kmln ( 0 (w), d:(w)> du(w) =1-— Yok

Lemma 4 implies that if p(z,y) < oNGL then dpv (Py, Py) <1 — % Therefore
)=

.S inf > 1
p(S1, 55 meslirfyes%p(x,y) N (10)
Therefore Theorem 3 implies that
w(C\ S\ 85) > ZE5) i 81), u(80)) > = min(u(SL), 1(54).
1 2_2(1+3y) 1/ Q—CV\/ﬁ 1/ 2
First suppose 1(S]) > (1 — £)p(S1) and u(S5) > (1 — £)p(S2). Then,
, Cu(Sy Cmin(pu(S7), u(S
[ Patsalauta) = (e s\ sp) > P 5 COmL. M)
S1
and we are done. Otherwise, without loss of generality, suppose 4(S7) < (1 — &)u(S1). Then
S
JRZCATOE M5
S1
and we are done.
O
Proof of Lemma 1. We have that
D _ Qt—lzt _ Zt - Zt
(re—1llpe) = | dpz—1log = log + [ nb(z)dp—1(z) = log + nEL(Xy).
K Zy_1Gy L1 K Ziq
(1D

Rearranging, canceling the telescoping terms, and using the fact that Zy = 1

T T
MEY 0(Xy) =Y D(pallm) — log Zr.
t=1 t=1

Let U be a random variable with a probability distribution pr;. Then

T
_ ;Eft(U) =n! /’C —nLp(u)dpy (u) = n~t /K: dpus(u) log Z((Z))

Combining,
T T (u)/Z T
B\ Y000 = 3 )| =7 [ dpu(u)tog T 1Y i)
t=1 t=1 K qo(u) |
T
=1~ (D(pullpo) = Dwullpr)) +171 Y D(p—1|lpe)-
t=1

Now, from Eq. (11), the KL divergence can be also written as
Jee " g (@)d
Jic a—1(x)dx
By representing the divergence in this form, one can obtain upper bounds via known methods, such
as Log-Sobolev inequalities (e.g. [6]). In the simplest case of bounded loss, it is easy to show that

D(p¢—1||i2¢) < O(n?), and the particular constant 1/8 can be obtained by, for instance, applying
Lemma A.1 in [7]. This proves the second part of the lemma. [

D(pe-1l|pe) = log © 4 nEL(X,) = log Be (X0 —El(X0)
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A Self-concordant barriers

Let K be a convex subset of R™ that is not contained in any (n — 1)-dimensional affine subspace
and int(KC) denote its interior. Following Nesterov and Nemirovskii, we call a real-valued function
F :int(K) — R, a regular self-concordant barrier if it satisfies the conditions stated below. For
convenience, if z ¢ int(K), we define F(z) = oo.
1. (Convex, Smooth) F' is a convex thrice continuously differentiable function on int(KC).
2. (Barrier) For every sequence of points {x;} € int(K) converging to a point z ¢ int(K),
lim; 00 f(25) = 00.

3. (Differential Inequalities) For all h € R™ and all z € int(K), the following inequalities
hold.

(a) D?F(x)[h, h]is 2-Lipschitz continuous with respect to the local norm, which is equiv-
alent to .
D3F(x)[h, h, h] < 2(DF (x)[h, h])?.

(b) F(x) is v-Lipschitz continuous with respect to the local norm defined by F',
|DIF)(z)[A* < vD?[F)(x)[h, h].

We call the smallest positive integer v for which this holds, the self-concordance pa-
rameter of the barrier.

A.1 Smooth variation of the transition kernel

Here we study the transition x — y. We will use the abbreviation s := s; and < -, - >:=< -, >,

and || - || := || - ||=- Let us state the following fact (see Section 2.2, [20]) with D* F in the place of
M.
Lemma 11. Let M[hq, ..., hi| be a symmetric k-linear form on R™. Then,

Mlhy, ..., hi] < ||hallllhe|l - - - |hkl] sup Mo, ..., v].
1

llvl

Proof of Lemma 4. By Eq. (9), it suffices to prove that if z,y € K and ||z — y|. < CL\/E’ then
drv(Py, Py) =1— é
: Gy(z) Gz(x)exp(s(z)) G-(y)exp(s(y))
1—dpy(P,, P,) = E. 1,2y 12
(7 £) = [oin (1 28 G G Geme) |

where the expectation is taken over a random point z having density G. Thus, it suffices to prove

that
min Gy(2) G.(z) G.(y) exp(s(y)) 1 1
P{ <Gw<Z>’ G (2) exp(s(2))’ @(z)exp(s(z») g ] S

C

This translates to

Pmax {nlly — 212 = V), nll2l2 +r%5(2) — 2V (2),

1
nllz = yll2 +12(s(2) = s(y) = ?V() } < mlle]2+ O] = =
This fact is proved in technical Lemmas 12 and 13 below. O
We note that
9
Pmax (-V(y),-V(z)) < C] > 10" (13)

because restricted to a ball of radius 1/2 around the origin, V' is 2n-Lipschitz.

Let erfc(z) := % f;o e~t*dt be the usual complementary error function.
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Lemma 12.

P {max {s(z), s(z) — s(y)} < C’rz] > erfc <

Proof. Recall that ||y|| = 1/ w < (C%ﬁ) Note that

P [max {s(z), s(z) — s(y)} < C(r*)] > P [Z&- -z < min {O,Zét y}] .

1
— ] > 0.32.
ﬂ)

Also note that 22:1 {; - z is a Gaussian random variable whose standard deviation is equal to

Hz;l 4;|| lly]- Therefore,
t t 1
P [Zﬁi -z < min {O,th y}] > erfc () > 0.32.
i=1 i=1 V2
O
The following probabilistic upper bound completes the proof.
Lemma 13.
Cr? 9
P | {ly = 218 el B - w2} = el < S| > 5. (14

Proof of Lemma 13. Since ||y| < %, llyll, and ||y|| . are less than % So it suffices to show that

Cr? 9
P | {1 - 2, 02 el = 112 20, < 2] > & as)

We proceed to do so by proving probabilistic upper bounds on each of the terms

@ [zl5 =117 ® (y,2), . ©I2l2~[l2l*, and (@) (y,2),
separately, and finally applying the union bound.

(a)

Izll; = 121> = D*F(y)[z, 2] = D*F(0)[2, 2] < Sup ]D3F[y’] v, 2, 2.
y'€0,y

However, for all ¢/ in the line segment [0, y]
D°Flyly, 2, 2] < llylly Iz lly 1 2lly

and

7,3
P |l a0 el < 0 (22| > 987100
Therefore,
Cr? 98
Pz — 2|2 < =— .
[t - P < =] > 3
(b) Next, observe that
W,2), = W2+ {2, 42)= {2+ St[lg]D?’F(y’)[yyy,z]
y' €0y
< M+ sup |ly||%/||z]l,s with probability > 99,/100.
vn y'€[0,y]
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lylll=I 2 Cr?
P\ ===+ sup |yllllzlly <—|>99/100,
[ vn veby n

Therefore,
Cr? } 98

P —.

(c) Note that r < o It suffices to observe that if ||z|| < 1, then

1 2
1201Z = ll=l1* < ((1_”2”) - 1) 2117,

by Theorem 2.1.1 in [21].
(d) Similarly to (b),
(y,2), = (y,2) +({y,2), — (¥, 2)) < (y,2) + Sl[l(?]llyIIZIIZIIz/
'€l0,z

Cliylll=l 2 o
———— + sup ||yll~|lz|l;; with probability > 99,/100.
\//ﬁ z'€[0,z] ¢

llyl]=]l 2 Cr?
P + sup |yl llzZ =
[ \/ﬁ 2'€[0,z] n

P{(y,z>z<<c7:2>} > %

> 99/100.

Therefore,
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